As the number of vehicles continues to grow, parking spaces are at a premium in city streets. Additionally, due to the lack of knowledge about street parking spaces, heuristic circling the blocks not only costs drivers' time and fuel, but also increases city congestion. In the wake of recent trend to build convenient, green and energy-efficient smart cities, we rethink common techniques adopted by high-profile smart parking systems, and present a user-engaged (crowdsourcing) and sonar-based prototype to identify urban on-street parking spaces. The prototype includes an ultrasonic sensor, a GPS receiver and associated Arduino micro-controllers. It is mounted on the passenger side of a car to measure the distance from the vehicle to the nearest roadside obstacle. Multiple road tests are conducted around Wheatley, Oxford to gather results and emulate the crowdsourcing approach. By extracting parked vehicles' features from the collected trace, a supervised learning algorithm is developed to estimate roadside parking occupancy and spot illegal parking vehicles. A quantity estimation model is derived to calculate the required number of sensing units to cover urban streets. The estimation is quantitatively compared to a fixed sensing solution. The results show that the crowdsourcing way would need substantially fewer sensors compared to the fixed sensing system.
I. INTRODUCTION
Due to the lack of real-time knowledge about the roadside parking occupancy, circling around urban streets to find a parking space not only wastes time and fuel, but also increases traffic flows. The continuous growth of vehicles and the waves of urbanization made the parking problem worse. A downtown traffic study [1] on several major cities reveals that cruising for kerb vacancies is an often-overlooked source of congestion, which accounts for up to 30 percent of total traffic flows 1 .
In order to quantify the wasted time and fuel, we made an intuitive calculation based on the JustPark 2 estimation that heuristic searching takes an average of 6.75 minutes to find a parking spot in the UK. Assuming the turnover of a parking spot is 10 cars a day, cruising for parking costs 67. System (ITS) aims to address, or broadly speaking, to build convenient, green and energy-efficient Smart Cities. There are various ITS or smart city projects related to parking monitoring, such as private parking [2] [3], off-street parking [4] [5] and on-street parking [6] [7] .
Private parking originates from peer-to-peer based sharing economy, whose concept is to rent out owners' spare facilities, e.g., Airbnb for rooms, Uber for cars, and JustPark for empty driveways. Off-street parking refers to multi-storey car parks or large fields that can accommodate hundreds of vehicles.
The occupancy of off-street parks can be easily obtained by applying entrance counters, acoustic or vision based sensing techniques. The parking availability is disseminated via APPs or web portals (e.g., Parker and Parkopedia). On-street or roadside parking refers to parking spaces along public roads. [7] , Street
Parking System (magnetic) [8] , Smart Parking (infrared) [9] and Smart Santander (ferromagnetic) [10] Jersey, the authors built a parking map from collected data. In order to achieve improved location accuracy, the authors utilize an environmental fingerprinting approach, namely, using objects on the street to correct GPS errors. Nawaz et al. in [14] propose a WiFi beacon association based sensing system named ParkSense to estimate if a driver has entered or driven away from a parking spot. More specifically, ParkSense uses the WiFi association and de-association changing rates to sense the parking status. From the empirical evaluation, the authors claim that the WiFi beacon rate is highly correlated with driver's activity. The disadvantages of the system are that 1) the presence of both mobile phone and WiFi infrastructure are required, and 2) the access to spatially distributed WiFi access points for analysis is assumed. The features of the surveyed parking systems are summarized in Table I . The contributions of the article are summarized as follows. 
III. ON-STREET PARKING SPACE DETECTION: PROTOTYPE, TESTING SCENARIO AND ALGORITHM
A. The Prototype System
The prototype kit consists of an HC-SR04 ultrasonic rangefinder, a GPS receiver and associated Arduino microcontrollers. In the road test, we placed the prototype kit under the windshield ( Fig.1(a) ) to provide the GPS receiver with a clear view from satellites, while we led the ultrasonic rangefinder to the passenger door ( Fig.1(b) ) to measure the distance from the vehicle to roadside. Note the video camera above the ultrasonic sensor is not a part of the CroPark system.
The employment the camera is to record the ground truth to compare it with the ultrasonic sensor data.
The employed ultrasonic sensor is set to transmit a short pulse every 50 milliseconds. The emitted wave is bounced back when there is an object in the way. By counting the elapsed time, together with the sound speed in the air, the distance to the object is measured. After interpolating the GPS coordinates, the format of the measurement and an example of the road test trace are given as follows. 
B. The Supervised Learning Algorithm
A supervised learning algorithm is developed to recognise parked cars and empty spaces. We use contouring patterns that are extracted from the drive-test trace to train a classifier in the purpose of discriminating parked cars and spaces from road clutters. 1) Train the Classifier: As shown in Fig.2(a) , we conducted a serial of drive tests on two roads in Wheatley, Oxford. High Street (Route1) has two parks (park1 has 6 spaces and park2 has 1 space), and Church Road (Route2) has three parks (park3 has 1 space, park4 has 11 spaces and park5 has 5 spaces). In our test, we repeatedly circled the two streets to emulate the crowdsourcing approach. The algorithm takes the drive-test trace as inputs and scans the data in sequence. An example is illustrated in Fig.2(b) when park1 and park2 of the Route1 are fully parked. As can be observed from the figure, the sonar scanning presents parked vehicles to distinctive U-shaped contours as the testing car drives by. The contouring features allow us to distinguish parked vehicles from road furnitures (e.g., the two poles as shown in Fig.2(b) ). The classifier training patterns vector is summarized as follows.
• Distance: From a driving-by car's perspective, there is a distance range that a parked vehicle should reside in. The lower bound of the range corresponds to lateral safety distance or minimum safety distance (Distance min = 70 cm). In addition to the minimum safety distance, the higher bound of the range is obtained by adding a car's width (Distance max = 250 cm).
• Standard deviation: The distance range filters out many road clutters that are outside [Distance min , Distance max ], however, many still remain.
Standard deviation is used to quantify the dispersion of a group of parked vehicle data. In particular, the standard deviation of the U-shaped bottom is relatively flat, which refers to the small-scale standard deviation (σ small = 10.9) and is used to describe the vehicles' core frame; while the standard deviation at the edge of the U-shaped bottom is much larger, which refers to the big-scale standard deviation (σ big = 51.3) and is used to describe the vehicles' edges accordingly.
• Length: Due to the fact of various vehicles' length, we adopt 2.1 meters as a bottom line (Length min ) to categorize the trace for calculating the "small-scale" standard deviation, and 9 meters as a upper bound (Length max )
for deriving the "large-scale" standard deviation.
• Angle: The angle between vehicle's contouring vertices and bottom is calculated using trigonometric functions. Fig.2(b) , α = 87.97
• is the angle of first parked car, which falls in the angle range, while θ = 55.69
• is the angle of the two poles, which are masked out as noise. Fig.2(a) . 1) Illegally-Parked Cars: Presenting illegally-parked cars is straightforward. We first infer the illegally-parked cars by checking whether GPS coordinates of the detected cars are in the parking database. Then we mark those cars that are outside the permitted parking zones as illegal parking on the map.
2) Empty Spaces:
The empty spaces can be presented in two ways: either just a space or a space with variable length.
The former is derived using a predefined length threshold, and is suitable for line-delimited parking spaces; while the latter is adaptively obtained by multiplying the time difference of two neighbouring obstacles and the average speed, which is suitable for un-delimited spaces and flexible for compact cars or long lorries.
3) Offsetting GPS: A GPS with high frequency refresh rate is advisable. In order to accurately pinpoint the illegal paring vehicles or empty spaces on the map, the GPS coordinates obtained from the sensor need to be calibrated. In this article, a pre-defined list of outstanding environment signatures is used to offset the GPS drift. In other words, we align the GPS sensor data with the pre-defined environment signatures when the supervised learning algorithm recognizes the environment signatures as the CroPark vehicle drives by.
IV. EMPIRICAL RESULTS
In this section, we evaluate the supervised learning algorithm by examining the vehicle and space detection accuracy.
In our drive test, the average cruising speed is 20 km/h, and the updating time is around 120 seconds, namely, we will pass by the same point every 2 minutes. Table II 
A. Vehicle Detection
where ν is the average cruising speed of CroPark vehicles. No. of Units ν=10km/h, γ=87.9% ν=20km/h, γ=87.9% ν=30km/h, γ=87.9% ν=20km/h, γ=77.9% ν=20km/h, γ=97.9% 2) Balanced guidance algorithm: Owing to the updating delay and some parking areas are more preferable than others, people may flock to the same places and then find the spaces already occupied. One solution is to provide future occupancy prediction based on open data or history data [15] . The other solution is to design a reservation system or a balancing algorithm that guilds people to different locations if multiple requests to the same space are received.
3) Right price model: As pointed out in [1] , drivers are actually encouraged to circle blocks to find onstreet parking spaces if the kerb parking is free or under-priced. In other words, drivers flock to the cheap kerb parking spaces, and thus create more cruising and congestions. This suggests further research is needed to find the right price model for on-street parking.
